How Uber affects public transit ridership is a relevant policy question facing cities worldwide. Theoretically, Uber's effect on transit is ambiguous: while Uber is an alternative mode of travel, it can also increase the reach and flexibility of transit's fixed-route, fixed-schedule service. We use a difference-indifferences design to measure the effect of Uber on public transit ridership. The design exploits variation across U.S. metropolitan areas in both the intensity of Uber penetration (as measured using data from Google Trends) and the timing of Uber entry. We find that Uber is a complement for the average transit agency. This average effect masks considerable heterogeneity, with Uber being more of a complement in larger cities and for smaller transit agencies. Comparing the effect across modes, we find that Uber's impact on bus ridership follows the same pattern as for total ridership, though for rail ridership, it is a complement for larger agencies.
Introduction
Uber, Lyft, and other ride-hailing companies have transformed the transportation marketplace in over 606 cities around the world. While their entry into cities has been controversial, they have been credited with providing a reliable and affordable transportation option, serving neglected areas of cities, and providing meaningful employment. Against these benefits, they have been accused of being unsafe, creating congestion, destroying stable jobs, and flouting the law. Cities have struggled to decide how to regulate these companies, in part because of a poor understanding of the actual economic effects of ride-hailing companies.
Economists are quickly trying to understand Uber's general economic effects and especially its influence on other modes of transportation. Uber's direct benefits appear to be large. Using Uber's individual-level data and its unique surge pricing, Cohen et al. (2016) estimate that UberX created $6.8 billion of consumer surplus in 2015. The indirect effects are less clear: recent evidence shows that Uber could benefit public health by reducing drunk driving accidents and fatalities (Greenwood and Wattal 2017; Peck 2017; Dills and Mulholland 2016) , though other work finds that it has not affected traffic fatalities in any way (Brazil and Kirk 2016) . However, an important part of understanding the future of Uber and similar services involves measuring its effect on other modes of transportation. In terms of taxis, Nie (2017) finds Uber has reduced taxi ridership, though Cramer (2016) finds this has not decreased the wages of taxi drivers and chauffeurs. This paper's contribution is to measure the effect of Uber on public transit. There are three reasons Uber's effect on public transit is important, and all three depend on whether Uber complements public transit. First, Uber could have important effects on public transit's social efficiency. Transit fares are typically above social marginal cost (though below average cost) due to economies of scale and density, implying transit ridership is inefficiently low. 1 Uber increasing (decreasing) transit ridership would then increase (decrease) its efficiency. Second, Uber's effect on public transit directly affects city and state budgets. Ride-hailing services already face fierce political opposition from taxi services, and its effect on government budgets could tip the political balance. 2 Third, the interaction between Uber and public transit affects congestion and pollution. Regardless of whether Uber is a complement or substitute for public transit, Uber can increase congestion and pollution simply by increasing the number of trips taken. However, its effect on congestion and pollution will be larger if it is a net substitute for transit.
It is not immediately clear whether Uber is a net substitute or a net complement to public transit. On the one hand, Uber is an alternative mode of travel, and many policy makers and experts have speculated whether the introduction of Uber is behind recent declines in transit ridership. 3 Furthermore, Rayle et al. (2016) found that 33 percent of those using a ride-hailing app in San Francisco said their next best alternative for their current trip was using public transit. On the other hand, as we discuss in more detail in Section 2, Uber could complement public transit by increasing the reach and flexibility of transit's fixed-route, fixed-schedule service. Consistent with this possibility, Murphy and Feigon (2016) found that 25 percent of those who use ride-hailing apps, car-sharing, or bike-sharing report that they drive less, and 15 percent report that they ride public transit more. Uber has reported that in several cities 25-40 percent of all Uber pick-ups and drop-offs are near a public transit station; however, they acknowledge that it is impossible to tell whether someone is using Uber to get to a transit stop or to get to a destination that happens to be near a transit stop (Smith 2015) . Consistent with either possibility, a 2016 Pew survey found that 56 percent of those who use Uber each week also use public transit each week. This means the same set of people use Uber and public transit, and suggests we will find some effect.
We estimate Uber's net effect on public transit using a difference-in-differences approach across all Metropolitan Statistical Areas (MSAs) in the United States with public transit. We exploit two sources of variation across MSAs. The first is variation in when Uber entered each market, and the second is variation in the intensity of Uber penetration, as measured using the relative number of Google searches for "Uber" in each MSA. This measure is strongly correlated with the 2 See Spicer and Eidelman (2017) number of drivers per capita in each market (Cramer 2016) .
A major threat to identification is whether Uber chooses to enter based on something correlated with transit ridership, we estimate Uber's entry decision. We find Uber largely entered MSAs in population rank order. We also allow each MSA to have its own linear time trend, and use an Autor (2003) -style Granger-causality test to show there are no pre-trends in transit ridership.
Using public transit data from the National Transit Database, we show that the average transit agency's ridership increased with Uber's entrance and search intensity. We find this effect grows slowly over time, with Uber increasing transit ridership by five percent after two years. However, this average effect masks considerable heterogeneity in Uber's effect on public transit. We find that Uber is more of a complement in larger cities and for transit agencies with lower ridership prior to Uber's existence. Comparing the effect across modes, we find that Uber's effect on bus ridership follows the same pattern of increasing average ridership, and of having a larger effect on larger cities and with smaller bus agencies; in contrast, we find Uber is more of a complement for larger rail agencies compared to smaller rail agencies.
Why Uber could be either a complement or substitute for public transit
Our goal is to measure the net impact of Uber on public transit, to establish whether it is a net substitute or a net complement for public transit. It is easy to make a case that Uber could take riders away from public transit: while Uber fares are typically higher than public transit fares, riders will substitute Uber for public transit if Uber is fast enough and convenient enough to outweigh its additional cost.
The case for Uber complementing public transit comes from the fact that most public transit systems use fixed routes with fixed schedules. Uber makes it cheaper and easier to travel to places, and at times, that public transit serves poorly. Uber can help riders to travel between work or home and the transit stop. These first and last portions of a trip on public transit typically account for a small share of the distance travelled but a large share of the travel time. Greenwood and Wattal (2017) show that UberX provides a 20 to 30 percent reduction in prices relative to traditional taxis. By lowering the cost of getting to the transit stop, Uber could make riding a train or express bus more appealing. This can make it feasible to not own a car, or for a family to own only one car, and instead use public transit and Uber.
Furthermore, Uber helps deal with the risks of relying on fixed-schedule public transit. Some people might be happy to use public transit if it provided the same flexibility as personal driving but choose not to do so because the schedule cannot respond to personal emergencies or changes in work schedules. The ability to use Uber if you need to get home because a child is sick or do not want to wait for the bus in the rain could make riding public transit more appealing, increasing transit ridership. For instance, the research on Uber's effect on drunk driving suggests that people might take transit to an activity that involves drinking and then take Uber home.
As the strength of these mechanisms differ for different types of trips, we expect to find that Uber has heterogeneous effects on transit. In particular, Uber is likely to have a stronger effect, either positive or negative, in larger cities where transit riders tend to be wealthier and thus able to pay Uber fares. 4 In addition, smaller transit agencies will tend to have less complete coverage, both over space and time. This could mean that their service is so bad that Uber will be a strong substitute, or that Uber's ability to fill holes in their coverage is all the more valuable so that Uber will be a strong complement.
Data
To estimate the effect of Uber on public transit, we collect data on transit ridership, Uber entry and exit, and a variety of controls for 2004-2015.
Our data on transit ridership come from the National Transit Database (NTD). This database contains monthly ridership for essentially all transit agencies which receive federal funding, separated by mode (bus, train, etc.). 5 Specifically, they report the number of times a rider steps onto a transit vehicle, and so a trip that uses multiple transit vehicles counts as multiple rides. The National Transit Database also contains data on important supply-side variables: fares, capital expenditures, and several measures of the quantity of service provided. 6 We recorded when each Uber service entered, and exited, the 386 Metropolitan Statistical Areas of the United States of America. 7 This gives us 196 MSAs where Uber has had a presence. Entry and exit were determined based on newspaper articles as well as Uber's press releases, blog posts, and social media posts.
We follow Cramer (2016) in using Google Trends to get the number of Google searches for "Uber" relative to other Google searches as an MSA-level measure of the intensity of treatment. 8 Cramer (2016) uses data on the number of Uber drivers in 18 MSAs from Hall and Krueger (2015) to show that Google searches for "Uber" are strongly correlated with the number of drivers per capita in each market. Figure 1 shows how search intensity grows after Uber entered the eleven largest MSAs. As expected, search intensity starts climbing when Uber enters; it grows slowest in Uber's earliest markets, San Francisco and New York; and grows fastest in their newest markets, Miami and Houston, both of which match up with what actually happened in these markets. Google Trends data is available for 147 of the 196 MSAs Uber has entered.
We also use data from a variety of sources as controls. We use data on MSA population, income, age, and education from the 2008-2012 American Community Survey 5-year estimates, data on monthly MSA total employment and unemployment rates from the Bureau of Labor Statistics, and annual MSA population estimates from the U.S. Census Bureau. Finally, we obtain monthly regional gas price data from the U.S. Energy Information Administration. Table 1 reports summary statistics.
of Homeland Security funding for security improvements. Transit systems with no trains and no more than 30 vehicles in operation at any time are not required to report monthly ridership. 6 Such as the maximum number of vehicles in service, the number of vehicle-hours of service, and the number of vehicle-miles of service. 7 We use the 2009 definitions of MSAs throughout this paper. 8 Other papers to use Google Trends data include Stephens-Davidowitz (2014), who uses Google Trends to proxy for racial animus, and Hoopes et al. (2015) , who use Google Trends to measure searches for information about taxes.
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Notes: Transit ridership measures the number of times someone steps onto a transit vehicle, and so a trip that uses multiple transit vehicles counts as multiple rides.
Method
We estimate the effect of Uber on public transit ridership using a differences-indifference approach. We compare how transit ridership changes in cities when Uber enters relative to changes in cities where Uber has not entered yet. While Uber offers several services, including a black car service, we focus on the entry of UberX, which accounts for the vast majority of their ridership. Our estimates are based on the following regression:
where Y it is log transit ridership on transit agency i in year-month t; D c(i)t is 1 if UberX is active in the MSA c(i) in year-month t and 0 otherwise; x it is a vector of controls for transit agency i, such as MSA population and total employment, measures of the quantity of service the transit agency provides, and average fares, in year-month t; γ i is a transit agency specific fixed effect; δ t is a year-month specific fixed effect; θ im is a transit agency-month of year fixed effect; and ζ c(i) is an MSA specific time trend. In all of our analysis, we cluster the standard errors at the MSA level. We also use the Google Trends data to measure the level of penetration of Uber. We use the same empirical framework as before, but now D c(i)t is the standardized Google Trends search index in MSA c(i). This second measure allows us to exploit variation within the set of treated cities in their intensity of treatment. This captures Uber's market penetration across all their services.
The Google Trends data is not the ideal measure of intensity of treatment, as the frequency of searches for "Uber" is an equilibrium outcome rather than a measure of exogenous differences in supply. However, as previously noted there is strong correlation between the number of Google searches and the number of Uber drivers per capita, indicating that the Google Trends data is a valid proxy for intensity of treatment. 
Estimating Uber's entry decision
The greatest threat to identification comes from whether Uber chooses to enter based on something that is correlated with transit ridership. To address this issue, in this section we provide some insight about Uber's entry decision, concluding Uber largely entered markets based on population, working from large to small. Figure 2 shows when Uber first entered each MSA, and Figure 3 shows Uber was introduced to cities essentially in population rank order. Kendall's rank correlation between population and entry date is −.37 and for any two MSAs Uber has entered, the probability Uber was available in the larger MSA first is 68 percent.
The first column in Table 2 reports the results of a linear regression predicting when Uber enters an MSA. The independent variables are measured in standard deviation units to facilitate comparison of the magnitudes of the coefficients. We find that population is the strongest predictor of when Uber enters an MSA, with an effect 50 percent larger than that of any other predictor. These results increase our confidence that Uber enters markets largely in order of their population rank.
Population and education levels are also the best predictor of whether Uber enters an MSA. The second column of Table 2 reports the result from a linear regression predicting whether Uber has entered an MSA. Once again, population is the strongest predictor of whether Uber enters an MSA: the coefficient on population is more than 60 percent larger than the next largest. The three largest MSAs without Uber are all in New York, as Uber has been banned in upstate New York. Kendall's rank correlation between population and whether Uber has ever entered is .49, and if Uber is available in one MSA but not another, then the probability that Uber is available in the larger MSA is 85 percent. These results suggest that Uber has focused on entering larger cities first, and gives us confidence that their entry decision is uncorrelated with other trends in public transit ridership.
Estimating Uber's effect on transit
We start with a visual summary of the transit ridership data in Figure 4 . This figure plots the difference in log transit ridership for transit agencies who had Uber in their MSA relative to those who did not, using a 24 month-window before and after Uber's entry. The difference in log transit ridership the month before Uber enters is normalized to zero. Figure 4 shows no significant pre-trend, suggesting that, given our set of controls and MSA-specific-linear-time-trends, the parallel trends assumption holds.
Additionally, Figure 4 shows that transit ridership increases slowly after Uber enters an MSA, until two years after Uber's entry transit ridership is 5-8 percent higher than it would have otherwise been. While only one of the month-specific estimates is statistically significant at the 5 percent level, we can reject the joint hypothesis that all of the month-specific estimates after Uber's entry are zero. Table 3 reports our estimates for the effect of Uber on overall transit ridership. Our outcome variables are all measured in logs so the coefficients represent the percent increase in public transit rider that accompanies the arrival or increased penetration of Uber. Column 1 confirms what Figure 4 shows, that when Uber arrives in an MSA, transit ridership does not change much. However, the results in Column 5 indicate that as Uber becomes more commonly used in the MSA, there is an increase in public transit use, with a standard deviation increase in Uber penetration increasing public transit ridership by 1.4 percent. This is consistent with the slowly growing effect of Uber on transit ridership shown in Figure 4 .
One reason Uber is a complement rather than a substitute for the average transit agency may be that transit is still much cheaper to use. The median minimum Uber fare is $5, while transit fares average just $1. Undiscounted fares for bus or light rail are never above $3, and for those with a monthly pass the marginal fare is zero. Transit is enough cheaper that Uber's role in adding flexibility to the transit system is more important than its ability to substitute for riding transit.
This average treatment effect masks considerable heterogeneity in the effect of Uber on transit. We expand our analysis to examine how the effect of Uber differs based on the population of the MSA and the number of riders that were using public transit before Uber arrived. For both of these measures, we split the sample based on whether an observation is above or below our sample median and include each of these binary variables as an interaction term with our Uber measures. The median population is 280,000 (Duluth, MN) and median monthly ridership is 82,000 (Sioux Area Metro in Sioux Falls, SD). Table 4 reports example of transit agencies with each possible combination of our dummy variables for ridership and population. The big transit agencies in small cities are almost always university towns, while small agencies in big cities are a mix of suburban agencies and cities with limited public transit.
Our results indicate that Uber reduces transit ridership in smaller MSAs while increasing ridership in larger cities. In fact, the coefficients in Table 3 indicate that the arrival of Uber in smaller cities decreases public transit ridership by 5.7 percent while increasing public transit ridership by 0.8 percent in the larger cities. Our estimates based on the Uber penetration rates indicate that a standard deviation increase in Uber use lowers public transit ridership in smaller cities by 0.5 percent while increasing ridership in larger cities by 1.8 percent.
In contrast, we find that Uber actually had the largest effects for transit agencies that had smaller levels of initial ridership prior to Uber's founding. For the transit agencies that had below median public transit ridership, the arrival of Uber increased public transit use by 5.8 percent while for the transit agencies with above median ridership, it decreased public transit use by 2 percent. All of these estimates are roughly the same whether or not we simultaneously control for population and pre-Uber public transit ridership.
Uber most strongly complements small transit agencies in large cities. This is likely because small transit agency in a large city provides the least flexible service in terms of when and where they travel, and so Uber's ability to add flexibility for these agencies is valuable to riders. In addition, transit riders in larger cities tend to be wealthier, and so there is greater overlap between those who ride transit and can afford to take Uber. Table 5 reports the result of estimating the effect of Uber on bus ridership and train ridership. It shows that we find similar results for bus ridership and for total ridership. The point estimates are of the same sign, though we have less power, so they are typically less statistically significant. However, Uber's effect on rail ridership is different than its effect on bus and overall ridership. In particular, Uber now helps larger agencies relative to smaller agencies.
In the appendix we conduct four robustness tests. Appendix Table 6 shows our results are robust to leaving out New York City and leaving out our controls. Appendix Table 7 shows our results are robust to calculating standard errors by block bootstrapping, and passes a placebo test where we randomly assign treatment status and treatment date. We conduct this placebo test under two different assumptions about the data generating process. In the first we randomly re-assign the observed treatment variables at the MSA-month level, while in the second we randomly assign which cities Uber enters and when. For this second test using the penetration data, we assign treated cities a penetration history from an MSA which was actually treated and adjust the timing to match the placebo treatment date. For untreated cities, we randomly assign a penetration history from an MSA which was not treated. We then calculate p-values by comparing the t-statistic from our main results to those generated by two thousand placebo treatments. Notes: Controls are the log of the following: average fare, the maximum number of vehicles in service during the month, vehicle-hours of service, vehicle-miles of service, regional gas prices, employment, and population. Includes a linear MSA time-trend, and fixed effects for each monthyear, transit agency, and transit agency-month of year pair. Median population is calculated among the set of MSAs with the given mode of public transportation. Median ridership calculated based on mean ridership before Uber existed and among the set of agencies with the given mode of public transportation. Uber penetration measured using Google Trends and reported in standard deviation units. Standard errors are reported in parentheses and clustered at the MSA level. *p<.1;**p<.05; ***p<.01
Conclusion
Uber and other ride-hailing companies have changed how people get around in cities worldwide. How this has impacted public transit matters both for assessing the welfare effects of Uber and for cities deciding how to regulate Uber. However, Uber's effect on transit is theoretically ambiguous: while Uber is an alternative mode of travel, it can also increase the reach and flexibility of transit's fixed-route, fixed-schedule service. The results in this paper employ a difference-in-differences design that exploits variation across U.S. metropolitan areas in both the intensity of Uber penetration and the timing of Uber entry. We find that the entry of Uber increases public transit use for the average transit agency. This average effect masks considerable heterogeneity, with Uber having the great impact in larger cities and smaller transit agencies. Comparing the effect across modes, we find that Uber's effect on bus ridership follows the same pattern as for total ridership, though for rail ridership Uber has the largest positive effect in cities with large public transit systems already in place. The results from this paper provide further evidence that Uber increases welfare, though more work needs to be done before drawing definitive conclusions. Results from previous work indicated that Uber increases welfare at little cost; it increases consumer surplus Cohen et al. (2016) without lowering wages for taxi drivers Cramer (2016) . This paper's results indicate that Uber has an additional effect on social welfare through encouraging use of public transit. In fact, Uber has the biggest complementary effects on the public transit systems that had the lowest ridership before Uber's entry. However, Uber seems to be decreasing ridership on larger systems, and the effect on these systems could counteract the increase on smaller systems. Whether we care about this net impact on total transit use depends on the questions we ask. Furthermore, while increasing public transit use would decrease congestion, Uber could still have a net increase on congestion by either increasing the total trips taken or by flooding the streets with Uber drivers looking for a fare. Exploring Uber's impact on urban transit and traffic warrants more attention.
The results also warn against making broad policy prescriptions regarding Uber. Uber's effect in a city varies based on the state of public transit. Thus the optimal policy response may also vary across cities.
Beyond contributing to our understanding of the effect of Uber on cities and the factors affecting transit use, 9 this paper also provides preliminary insight into the economic impact of autonomous vehicles. While there is much speculation about how autonomous vehicles may change cities, no empirical estimates exist to date because the technology is so new. However, if autonomous vehicles make transportation more convenient, accessible and affordable relative to existing services, Uber may serve as an appropriate proxy for the estimation of such effects. Thus our results provide suggestive evidence that autonomous vehicles may complement public transit, and that this effect will likely vary across cities. Notes: Panel A calculates standard errors using block bootstrapping at the MSA level (with two thousand draws), while Panels B and C report p-values from a placebo test. In Panel B we randomly re-assign the observed treatment variables at the MSA-month level. In Panel C we randomly assign which cities Uber enters and when. For the penetration data in Panel C, we assign treated cities a penetration history from an MSA which was actually treated and adjust the timing to match the placebo treatment date. For untreated cities, we randomly assign a penetration history from an MSA which was not treated. We then calculate p-values by comparing the t-statistic from our main results to those generated by two thousand placebo treatments. All other controls as in Table 3 . *p<.1;**p<.05; ***p<.01
